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ABSTRACT:
Recent studies have shown that flutter speed of rotating, wind turbine blades can be predicted accurately using a threedimensional, analytically-based deterministic model. However, modelling uncertainties cannot be neglected since they
influence the estimation of the flutter probability. Stochastic flutter analysis is therefore needed, accounting for
relevant random input properties: (i) aerodynamic loads and (ii) blade structural properties. Physical Model Monte
Carlo simulation is used for uncertainty quantification. This study proposes a novel approach, Surrogate Model-Monte
Carlo methods to obtain the solution more efficiently in terms of computing time. Artificial Neural Networks (ANN)
are proposed and investigated in this study as an alternative to other methods (e.g., Stochastic Collocation), generating
a surrogate model. Numerical results indicate that ANN-based models are efficient for stochastic flutter analysis with
acceptable prediction errors, and significant reduction of computing time.
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1. INTRODUCTION
Coupled-mode flutter could happen in long and flexible wind turbine blades, which can lead to
operational failure. Therefore, flutter is a non-negligible engineering problem during the design of
large-scale wind turbine blades. Sensitivity analysis associated with a MW-sized wind turbine
blade was investigated by Pourazarm et al. (2015); it was suggested that the uncertainty of blade
parameters can influence the flutter speed and cause operational failure. In the case of stochastic
flutter analysis of wind turbine blades, Physical Model Monte Carlo methods (PM-MC methods)
are usually employed to investigate the influence of uncertainty and estimate flutter probability.
Relying on a physical model within the MC environment is computationally inefficient, in the case
of small probabilities requiring large sample populations. Therefore, Surrogate Model Monte Carlo
methods (SM-MC methods) based on artificial neural networks (ANN) are proposed in this paper
and compared to other methods to enable stochastic flutter analysis and reduce computing time.
2. MODEL AND METHODS
The differential equations of motion of the rotating, flexible blade are derived from the continuous
deformable-body formulation by Houbolt & Brooks (1957). Theodorsen (1935) aerodynamic
model is employed to represent the unsteady lift force and pitching moment. The Galerkin method
is used to convert the differential problem into an equivalent eigenvalue problem at incipient
instability. The vanishing of the damping (real part of any eigenvalue) at a specific value of angular
velocity (i.e., blade angular speed) indicates the transition point between stable and unstable
oscillation. In this study, the National Renewable Energy Laboratory (NREL) 5MW blade
(Jonkman et al., 2009) is used; it is representative of modern, offshore wind turbine blades.
Prior to stochastic flutter analysis, a sensitivity analysis is considered to test the “robustness” of
the blade model and to provide a functional relationship between the flutter speed and the random
input parameters. ANN are examined in alternative to Stochastic Collocation, based on Lagrange
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Polynomials (SC-LP), to build the SM-MC model and to predict stochastic flutter onset.
3. RESULTS AND DISCUSSION
Three input random variables are identified as the sources of uncertainty: (i) flow forces (lift), (ii)
blade’s torsional frequency, (iii) mass offset. Three scenarios are designed by selecting any two of
three parameters to be independently and randomly generated; the third one is deterministic and
equal to the baseline value. One of these scenarios, considering flow forces (represented by the
slope of lift coefficient function at zero attack angle, 𝐶𝐿𝛼 ) and torsional blade frequencies
(represented by torsional rigidity, GJ) as two independent random inputs, is presented in detail.

Figure 1. PDF of normalized critical flutter speed for independent, normally distributed input variables GJ and 𝐶𝐿𝛼 .

Surrogate models are generated by both ANN (with calibrated layers and neurons) and SC-LP.
The number of sampling points used is 105. Figure 1 illustrates, as an example scenario, the
probability distribution of the normalized flutter speed for independent, normally distributed GJ
and 𝐶𝐿𝛼 . Inspection indicates that SM-MC methods, using ANN in particular, can provide robust
approximation of the flutter solution. The computing time of PM-MC and SM-MC simulations is
compared; SM-MC methods are generally 10 times faster than PM-MC methods. The details of
other scenarios will be described in the final paper; SM-MC methods perform efficiently with
acceptable errors in other cases as well.
4. CONCLUSIONS
SM-MC methods, in particular those exploiting the latest developments in the field of Artificial
Intelligence, were successfully employed to replace PM-MC methods for stochastic flutter
analysis. Three sources of uncertainty in the modelling of a reference blade were considered: (i)
flow forces, (ii) torsional natural frequency, (iii) mass offset. Various scenarios were examined to
predict the probability distribution of flutter speed, and the failure probability. Numerical results
suggest that SM-MC methods can provide efficient and robust approximation of other PM-MC
methods and can be employed to study uncertainty propagation and its effects on the performance
of offshore wind turbine blades and their operational failure due to flutter.
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